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Abstract. Simultaneous Localization and Mapping (SLAM) is one of the most 
important capabilities for autonomous mobile robots, and many researches have 
been proposed demonstrating the effective SLAM methods. However, these 
SLAM methods sometimes require assumptions such as the sensor model, 
which is difficult to implement and use the SLAM methods. In our previous 
work, a SLAM method based on Evolution Strategy (ES) was proposed and the 
on-line SLAM in indoor environments was realized. However, the definition of 
the map building method was not clear. Therefore, we propose a SLAM method 
based on a simple map building and search method. In this paper, we explain 
our autonomous mobile robot system and propose our SLAM method based on 
(µ+1)-ES. The experimental results show the effectiveness of the proposed me-
thod. 

Keywords: SLAM · Occupancy grid map · Evolution strategy · Intelligent  
robotics 

1 Introduction 

Simultaneous Localization and Mapping (SLAM) is a fundamental problem for an 
autonomous mobile robot because the robot searches an unknown environment and 
perform a decision making according to a situation in the environment [1]. Various 
types of methods for SLAM have been proposed such as Extended Kalman Filter 
(EKF) SLAM, Graph SLAM, visual SLAM. The EKF SLAM algorithm applies the 
EKF to online SLAM using maximum likelihood data associations. In the EKF 
SLAM, feature-based maps are used with point landmarks [2]. Graph SLAM solves a 
full SLAM problem in offline using all data obtained until the current time, e.g., all 
poses and all features in the map. Therefore, Graph SLAM has access to the full data 
when building the map [3,4]. Furthermore, cooperative SLAM (C-SLAM) has been 
also discussed in the study of multi-robot systems [5, 6].  

In our previous work, we proposed a SLAM and initial self-localization method for 
multi-robot system based on the map sharing approach [7]. In the proposed method, 
one leader robot performs SLAM based on occupancy grid mapping. Both of localiza-
tion and map building are performed by (μ+1)-Evolution Strategy (ES) [8]. However, 
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our map building method is not stable because the map value uses an empty, occu-
pied, partially occupied and unknown, and the definition of the partially occupied is 
not clear. Therefore, we apply a simple occupancy grid map method to our SLAM 
method for defining the map building method more clearly. Next, we propose the 
localization method based on (μ+1)-ES whose fitness function is composed of the 
summation of the map value and one penalty function for realizing on-line SLAM. In 
our SLAM, it is easy to implement the method, and our SLAM method can build the 
map and localize the robot position accurately. 

This paper is organized as follows. Section 2 explains our robot system for an au-
tonomous mobile robot. Section 3 proposes an SLAM method based on (μ+1)-ES. 
Finally, we show several experimental results of our SLAM method by using SLAM 
benchmark datasets. 

2 SLAM  

2.1 Mobile Robots  

At first, we explain the hardware specification of a mobile robot (Table 1). We use an 
omni-directional robot with four omni-wheels and DC motors (Fig. 1). The robot can 
move to different omni-direction by changing the combination of output levels to 
motors. Basically, the action outputs of the robot are direct forward movement and 
rotation at the same position to avoid the slip appeared as noise in SLAM. Further-
more, the robot changes the moving direction only when the robot conducts obstacle 
avoidance. In addition, we use a laser range finder (LRF, URG04-LN) for SLAM. 

Table 1. Specification of Omni-directional mobile robot 

Diameter 300 mm 
Height 177 mm 
Weight 8 kg (approximately) 
Maximal Speed 1.5 km/h 
Operating Time (Battery) 1 hour 
Maximal Payload Weight 15 kg 
Communication Method Wi-Fi (2.4 GHz) 

 

 

Fig. 1. Omni-directinal mobile robot 
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2.2 Procedure for SLAM 

In our previous work, we use the occupancy grid map based on the following map 
value [9].  

. 

 

(1) 

Here the value of all cells is initialized at 0. Figure 2 shows the concept of the oc-
cupancy grid map. However, almost all cells excluding the empty and unknown cells 
are partially occupied cells because the cell including an object is defined as the par-
tially occupied cell unless the object size fits the cell size correctly. Therefore, we use 
the simple definition of the occupancy grid map as follows; 

. 
(2) 

where hitt(x,y) and err t(x,y) are the number of measurement and through points of 
LRF until the tth step, respectively. The measurement data is represented by (di, θi), 
i=1,2, ..., M, j=1,2, ..., L, where di is measurement distance from LRF; θi is the angle 
of the measurement direction; M is the number of total measurement directions; Li  

( ) is the number of resolution for the map building by the occupancy grid 

model. Therefore, the map is updated by following procedure  
 

Algorithm 1. Map-update  
for i=1 to M do  
   for j=1 to Li do 

        

       

      if j = Li then 
         hitt(xi,j, yi,j) = hit(t-1)(xi,j, yi,j) +1 
      else 
         errt(xi,j, yi,j) = err(t-1)(xi,j, yi,j) +1 
      endif 
   endfor 
endfor 

 
 
 

(3) 
 

(4) 
 

(5) 
 

(6) 
 

(7) 
 

(8) 

map(x, y) =

1      (occupied)

0.5  (partially occupied)

0     (unknown)

−1   (empty)










mapt (x, y) = hit t (x, y)

hit t (x, y) + errt (x, y)

= α Res ⋅di 

ui, j = j

Li

di cos(θi + rp )( )+ xp

vi, j = j

Li

di sin(θi + rp )( )+ yp

xi, j = α Map ⋅ui, j 

yi, j = α Map ⋅ vi, j 
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where (xp,yp) is the position of the mobile robot; rp is the posture; di is measurement 
distance from LRF in the ith direction; θi is the angle of the measurement direction; 
αMAP is the scale factor mapping from the real world to the grid map. 

Next, we explain out localization method. Basic localization algorithm is the al-
most same as out previous work. We apply (μ+λ)-ES for estimating the correct robot 
pose where μ and λ indicate the number of parent and offspring population generated 
in a single generation, respectively. ES can be used easily to discuss the formulation 
of strategy of artificial evolution in evolutionary computing [8]. We use (μ+1)-ES to 
enhance the local hill-climbing search as a continuous model of generations, which 
eliminates and generates one individual in a generation. A candidate solution is com-
posed of numerical parameters of revised values to the current position (gk,1, gk,2) and 
rotation angle (gk,3). In (μ+1)-ES, only an existing solution is replaced with the candi-
date solution generated by the crossover and mutation. We use the elitist crossover 
and adaptive mutation. Elitist crossover randomly selects one individual, and gene-
rates an individual by combining genetic information between the selected individual 
and best individual in order to obtain feasible solutions from the previous estimation 
result rapidly. Next, the following adaptive mutation is performed to the generated 
individual, 

 
(9) 

where fk is the fitness value of the kth individual, fmax and fmin are the maximum and 
minimum of fitness values in the population; N(0,1) indicates a normal random value; 
αh and βh are the coefficient and offset, respectively. A Fitness value of the kth candi-
date solution is calculated by the following equation, 

 

 

 

 

(10) 

where the summation of the map values is basic fitness value in (μ+1)-ES and pt
occ 

indicates a penalty function. The summation of the map values is high if the estima-
tion result is high. Furthermore, the penalty function has low value if many measure-
ment points exist on empty cells. Therefore, this problem is defined as a maximization 

gk ,h → gk ,h + αh ⋅ fmax − fk

fmax − fmin

+ βh







⋅ N(0,1)

fitk = pt
occ xi,L , yi,L( )⋅ mapt xi,L , yi,L( )

i=1

M



 pt
occ xi,L , yi,L( )=

hi ′tt xi,L , yi,L( )
i=1

M



hi ′tt xi,L , yi,L( )
i=1

M

 + er ′rt xi,L , yi,L( )
i=1

M



hi ′tt xi,L , yi,L( )=
1     if  hitt xi,L , yi,L( )> 0

0     else if errt xi,L , yi,L( )> 0







er ′rt xi,L , yi,L( )=
1     if  errt xi,L , yi,L( )> 0

0     else if hitt xi,L , yi,L( )> 0
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problem. Actually, we can estimate the robot pose by using only the summation of the 
map values. However, the estimation method sometimes gets stuck in local optima 
according to the environment if we use only the summation of the map value. There-
fore, we use the penalty function pt

occ for avoiding the situation. The localization 
based on (μ+1)-ES is finished when the number of iteration reaches the maximum 
number of iteration T. Algorithm 2 shows the total procedure of our SLAM method. 
Our SLAM procedure is very simple algorithm and it is easy to implement. 
 

 

Fig. 2. Concept image of the occupancy grid map in our previous work [7] 

 
Algorithm 2. Total Procedure of SLAM  
1. t = 0, hitt(x,y) = 0 and err t(x,y)= 0 
2. Input the LRF data 
3. if t ≠ 0 then 
4.    Estimate the robot pose using (μ+1)-ES 
5. end if 
6. Perform Map-update 
7. t = t + 1 
8. return to step 1 

 

 

3 Experimental Results 

We conducted an experiment of the proposed method by using two SLAM benchmark 
datasets [10,11]. We used only measurement data of LRF form these datasets. Figure 
3 shows the ground truth of each dataset. In this experiment, we used two conditions. 
Condition 1 used the fitness function with pt

occ. Condition 2 used the fitness function 
without pt

occ. Our proposed algorithm was run on 3.5GHz 6-Core Intel Xeon E5 pro-
cessor. Table xx shows the parameters using these experiments.  

Figure 4 and 5 show an example of the experimental result of Condition 1 in each 
dataset. In these results, our proposed method can correctly localize and build the map 
compared to Fig. 4 and 5. Figure 6 shows the transition of variance of the best fitness 
value in each time step. The variance values are stable between until about the 1400th 
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Table 3. Experimental results of computational time [ms]  

 Freiburg Indoor Building 079 MIT CSAIL Building 
Average 18.8 18.6 
Variance 3.71 3.75 

Max 28 26 
Min 12 11 

4 Summary 

In this paper, we proposed our SLAM based on Evolution Strategy (ES). Our SLAM 
method changed the definition of the occupancy and grid map. Next, we proposed our 
localization method based on (μ+1)-ES. The fitness function of the ES used the sum-
mation of the map value and one penalty function based on occupied and empty cells. 
The experimental results showed that our SLAM method realized on-line SLAM by 
using the SLAM benchmark datasets. However, our SLAM method sometimes gets 
stuck in local optima because the search strategy of (μ+1)-ES is based on hill climb-
ing search. Therefore, we will change the search method for combining the local and 
global search based on ES. 
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